Air quality measures that were implemented in Europe in the 1990s resulted in reductions of ozone precursors concentrations.
At different locations, O 3 may show a different temporal evolution due to a variety of factors, such as local pollution, topography, influence of nearby sources or even trans-boundary transport of O 3 and its precursors. In addition, meteorological conditions can vary amongst different locations within large regions such as Europe, affecting O 3 concentrations in various ways. O 3 trend studies in the past have tried to tackle this issue, mainly by using clustering techniques to categorize European measurement sites based on different O 3 metrics (e.g. Henne et al. (2010) ). For instance, a site type classification representing 5 O 3 regimes between 2007 and 2010 was obtained by Lyapina et al. (2016) using mean seasonal and diurnal variations. In addition, a geographical categorization reflecting the synoptic meteorological influence on O 3 variation between 1998 and 2012 was obtained by Carro-Calvo et al. (2017) . To tackle low spatial representation of urban and rural sites across large domains, i.e. mid-latitude North America, western Europe and East Asia, Chang et al. (2017) obtained a latitude dependent site classification with lower concentrations in western and northern Europe and higher concentrations in southern Europe. These 10 studies indicate that the selected metric used to characterize O 3 in clustering leads to site classifications that represent different aspects of O 3 variability.
In the current study, a multidimensional clustering method that captures several influencing factors for the long-term trend of O 3 is presented. The temporal and spatial evolution of O 3 concentrations between 2000 and 2015 is studied using data provided by the European Environmental Agency (EEA). Mean O 3 concentrations are decomposed into the underlying frequencies 15 based on a non-parametric time scale decomposition method to obtain the long-term (LT), seasonal (S) and short-term (W) variations. The multidimensional clustering approach is applied to the distinct frequency signals LT(t) and S(t) extracted from the observations.
In addition, long-term trends of de-seasonalized daily mean O 3 and meteo-adjusted peak O 3 concentrations are calculated.
Through de-seasonalization and meteo-adjustment, a significant fraction of the meteorologically driven variability of O 3 is 20 excluded from the observations, and uncertainty in the trend estimation is reduced by a large factor. Intersections of site groups, i.e. LT(t)-and S(t)-clusters, are employed to guide the study of O 3 long-term trends. Furthermore, changes in the amplitude and phase of the seasonal variability of O 3 are explored based on the S(t) signal obtained by the time scale decomposition methodology. Finally, long-term changes in the relationship between O 3 and temperature are estimated and discussed for the different site environments and regions in Europe. 25 
Data
Data for O 3 surface measurements are provided by the EEA (Air Quality e-Reporting) in an hourly resolution for the period between 2000 and 2015. In this study, only time series with a maximum of 15% of missing values, and a maximum of 120 consecutive days with missing values are used, leaving the study with 291 sites across the European domain (Fig. 1) Meteorological variables are extracted from the ERA-Interim data-set on a 1 degree grid at the location (longitude-latitudealtitude) of each station and in 3-hourly intervals. The variables considered for the meteo-adjustment of the peak O 3 metrics are temperature (K), specific humidity (kg/kg −1 ), surface pressure (hPa), boundary layer height (m), convective available potential 5 energy (CAPE, J · kg −1 ), East-West surface stress (N· s · m 2 ) and North-South surface stress (N· s · m 2 ).
The present trend analysis focuses on (a) the de-seasonalized daily mean and 
where O 3 (t) is the daily mean and MDA8 O 3 time series, LT (t) the long-term variation, S(t) the seasonal variation, W (t) the 5 short-term variation and E(t) the remainder of the decomposition. Time scale decomposition in this study is performed with a non-parametric method, called the ensemble empirical mode decomposition (EEMD, Huang et al., 1998; Huang and Wu, 2008; Wu and Huang, 2009) , which is considered a powerful method for decomposing O 3 time series (Boleti et al., 2018a) .
The method detects the hidden frequencies in the time series based merely on the data and yields the so-called intrinsic mode functions (IMFs); each IMF represents one distinct frequency in the signal.
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where y(t) is the input data, c j the different IMFs, n the number of the IMFs and the remainder time series is the LT(t) of the input data. By adding together the IMFs with frequencies between around 40 days and 3 years we obtain the seasonal variation of O 3 (S(t) = c 7 + ... + c 10 ) and by adding the frequencies that are smaller than 40 days the short-term variation is acquired (W (t) = c 1 + ... + c 6 ). 15 
Cluster analysis of O 3 variations
Cluster analysis is referred to pattern recognition in high dimensional data. The main idea is to represent n objects by identifying k groups based on levels of similarity. Objects in the same group must have the highest level of similarity while objects from different groups must have low level of similarity (Jain, 2010) . The partitioning around medoids (PAM) clustering algorithm is used in this study. It is based on k-means (MacQueen, 1967; Hartigan and Wong, 1979) which is a widely used clustering 20 technique (Lyapina et al., 2016, e.g. ) . PAM is more robust than k-means, because it minimizes the sum of dissimilarities instead of the sum of squared euclidean distances (R Development Core Team, 2017). It works as follows: First, a set of n high dimensional objects (measurement sites) is clustered into a set of k clusters. Initially, k clusters are generated randomly and the empirical means m k of the euclidean distance between their data points are calculated. Then, each data point is assigned to its nearest cluster center (centroid). Centroids are iteratively updated by taking the medoid of all data points assigned to their 25 clusters. The squared error (ε) between the m k and the points in the cluster (x i ) is calculated as:
Each centroid defines one of the clusters and each data point is assigned to its nearest centroid, and the iterative process is terminated when the is minimized. For identification of the clusters the LT(t), S(t) and W(t) of the daily mean and MDA8 O 3 were used as input time series in the PAM algorithm. A sufficient number of clusters must be defined in order to capture dominant behaviors such that redundant information is avoided but at the same time not overlooking important characteristics. To identify the optimal number of clusters the k-means algorithm is iteratively executed for a range of k values (number of clusters) and the average sum of (SSE) is calculated for each iteration, i.e. each k.
The number of clusters with the largest reduction in SSE is considered as the most representative. Eventually, the choice of the ideal number of clusters results from a combination of the SSE approach and interpretability of the obtained clusters. In addition, a Silhouette width (S w ) analysis is performed to assess the goodness of the clustering (Rousseeuw, 1987) .
More details about the number of clusters, the goodness of the clustering and the S w are provided in the supplementary 10 material.
Daily mean and MDA8 O 3 long-term trend analysis
Meteorological adjustment is essential for calculation of robust O 3 long-term trends. Thus, daily mean and MDA8 O 3 observations are de-seasonalized by subtracting the S(t) obtained with the EEMD from the observations (Boleti et al., 2018a) 15
where y d (t) the de-seasonalized time series and y(t) the observations. Through de-seasonalization observations are adjusted for the effect of meteorology on the inter-annual time scale. Theil-Sen trends (Theil, 1950; Sen, 1968 ) are then calculated based on monthly mean de-seasonalized concentrations of the y d (t) for the period 2000-2015. The 95% confidence interval of the trend is obtained by bootstrapping. The Theil-Sen trends were estimated using the openair library in R (R Development Core
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Team, 2017).
Peak O 3 concentrations long-term trend analysis
Trend analysis of peak O 3 metrics is performed for the MTDM and the 4-MDA8 O 3 , based on a meteo-adjustment approach as in Boleti et al. (2018b) . A different approach for meteorological adjustment was used for the peak O 3 than for the daily mean and MDA8, because de-seasonalization is not meaningful for peak O 3 because peak ozone events are temporally localized.
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Thus, daily maximum and MDA8 O 3 observations were linked to the available meteorological variables through generalized additive models (GAMs, Hastie and Tibshirani, 1990; Wood, 2006) for the warm season (May-September). GAMs are instances of generalized linear models in which the model is specified as a sum of smooth functions of the covariates. A GAM can be described as: The meteo-adjusted daily maximum and MDA8 O 3 concentrations were calculated similar to Barmpadimos et al. (2011) as:
where α is the intercept of the model, s 0 (t) the time variable as Julian day, and (t) the residuals. The meteo-adjusted MTDM and 4-MDA8 concentrations were estimated based on the meteo-adjusted values (O 3 adj (t)) on the same days as they were identified before the meteo-adjustment. Eventually, meteo-adjusted trends were calculated with the Theil-Sen trend estimator applied on the O 3 metadj (t). 15 
O 3 seasonal cycle trend analysis
The S(t) signal extracted with the EEMD captures the meteorologically driven O 3 variation on yearly to multi-year time scales, and is more representative compared to parametric fitting approaches (Boleti et al., 2018a) . Here, changes in the daily mean S(t) of O 3 throughout the studied period are identified as follows: the maximum and minimum O 3 value as well as the day when the maximum O 3 occurred in each year are identified in the S(t), referred here as S max , S min and S DoM respectively (Fig. 2 ).
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A Theil-Sen trend estimator for each of the S max (t), S min (t) and S DoM (t) is applied for each site cluster, representing the long-term temporal evolution of the amplitude and phase of S(t).
Relationship between O 3 and temperature
The relationship between O 3 and temperature is studied for the warm season May-September. A linear regression model between daily maximum O 3 concentrations and daily maximum temperature is applied for each year throughout the studied 25 period 2000-2015 as: and temperature maximum values. In addition, a linear regression model is applied on the daily maximum O 3 concentrations against binned temperature ranges and in three consequent time periods (2000-2005, 2005-2010 and 2010-2015) .
Results

Cluster analysis
Here, we present the results of the daily mean LT(t)-and S(t)-clustering; results for the W(t)-clustering and the cluster analysis 5 based on the MDA8 are provided in the supplementary material. Application of the clustering algorithm to the LT(t) leads to a site type classification, which largely reflects the proximity to emission sources of O 3 precursors. S(t)-and W(t)-clustering leads to a regional site classification, which reflects the importance of the climate on the annual cycle of O 3 . It is observed that a few sites have a negative S w , which means that these sites are assigned to a certain cluster although they do not really fit into any of the identified clusters (see supplementary material sections S2 an S5). Nevertheless, the sites with negative S w were not The LT(t) signal as derived from the daily mean and MDA8 O 3 observations increases for "BAC" and "RUR" until around beginning of 2000s and decreases afterwards. For the "MOD" and "HIG" clusters the same pattern was observed, but the 20 decrease starts much later than in the rural sites, i.e. around end of 2000s. Especially in the "HIG" sites mostly a level-off is observed after 2010 rather than a decrease. Similar temporal evolution with inflection points in the LT(t) has been observed in the study by Boleti et al. (2018a) which was focused on trends of average O 3 concentrations in Switzerland.
Clusters derived from the daily mean S(t) show a regional representation most likely due to the influence of the climatic conditions an the annual cycle of O 3 . The following five clusters were obtained from the daily mean S(t) ( Fig. 4): (1) "Cen- is high in these sites (Derwent et al., 2004 (Derwent et al., , 2013 . In all clusters ( 
Trends of daily mean O 3 concentrations
The daily mean LT(t)-and S(t)-clusters identified in section 4.1 are used for assessment of the temporal trends for the different site types and geographical locations. Overall, decreasing O 3 trends are found for rural sites, while there is a tendency for increasing O 3 in more polluted urban environments (Fig. 6) . The number of sites that belong in each of the identified groups is shown in Table 1 . In 64% of all sites significant trends (p-value<0.05) were identified for the daily mean O 3 ; 61% among the 5 significant trends were negative and 39% positive.
Most rural sites -"BAC" and "RUR" -experienced decreasing daily mean O 3 concentrations in all regions, as expected following the NO x and VOC reductions in Europe (Fig. 6 ). At the "MOD" and "HIG" sites a levelling-off or increase is observed respectively, especially in "CentralNorth", "West" and "North" regions. At the "HIG" sites the positive trends can be partly explained by the increase of NO 2 to NO x ratio, originating from the diesel vehicles, that have increased in the European 10 car fleet (EEA, 2009 ). In addition, the strong reduction of NO x concentrations that led to less titration of O 3 by NO, could also (Derwent et al., 2018; Yan et al., 2018) .
In agreement with our results, significant decreases of daytime average and summertime mean of MDA8 O 3 at European 5 rural sites and small and non-significant downward trends of MDA8 at urban sites have been found previously for the time period 2000-2014 (Chang et al., 2017) . Similarly, in a report by EEA (2016) it was found that between 2000 and 2014 annual mean O 3 and annual mean MDA8 O 3 have been decreasing in rural background sites, while at more polluted sites influenced by nearby man-made precursor emissions, upward trends have been detected. O 3 trends at sites in the cluster "North" indicate changes in background O 3 , especially in the "RUR" ones that are mostly free from local emissions. Here, decreasing trends of daily mean O 3 were found in "RUR" sites, while in the "MOD" and "HIG" the trends are slightly increasing. It is interesting to compare the trends in the "North" cluster with the temporal evolution of O 3 in Mace Head (remote station in northwestern Ireland), which is representative for inflow of background O 3 into Europe.
For this reason, we estimated the LT(t) variation of MDA8 O 3 and the Theil-Sen trend for the site in Mace Head (Fig. 7 ). An 
Trends of peak O 3 concentrations 5
Peak O 3 concentrations in summertime are attributed to increased photochemical production during this time of the year, and the spring maximum in remote locations is linked to increased stratospheric influx as well as hemisphere-wide photochemical production during that season (Holton et al., 1995; Monks, 2000) . In this study, significant negative meteo-adjusted MTDM trends were observed at 62% of the sites, while without meteo-adjustment significant negative trends were identified at only 19% of the sites. The higher number of sites with significant trends after the meteo-adjustment indicates the advantage of using Trends of meteo-adjusted MTDM are discussed here for the daily mean O 3 LT(t)-and S(t)-clusters. MTDM decreased for all site types and regions during the studied period 2000-2015. However, in the "RUR" cluster MTDM showed the strongest decrease among all LT(t)-clusters (Fig. 8) . Interestingly, in the "BAC" cluster (especially the "West" cluster) the decrease of MTDM was not so pronounced, likely due to the increase of hemispheric transport of O 3 in Europe (Derwent et al., 2007; Vingarzan, 2004 -Lööv et al., 2008; Boleti et al., 2018b) . Also, "HIG" sites in "CentralSouth"
showed slightly smaller decrease of MTDM compared to the other regions, possibly due to industrialization in the neighboring eastern Europe (Vestreng et al., 2009) . Our results are in line with a modeling sensitivity study, where negative trends of the 95th percentile of O 3 concentrations were found in European rural background sites for the period 1995-2014 (Yan et al., 2018) . For the shorter time period between very small (nearly flat) in Switzerland (EEA, 2009) . In our study, measured MTDM trends (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) for these regions are in the same range, i.e. the average decrease was estimated between -0.28 and -0.55 ppb/year. Smaller trends in Switzerland April can be explained by higher NO x that is released from PAN and alkyl nitrates that are produced during winter at northern latitudes (Brice et al., 1984; Bloomer et al., 2010) . 
O 3 and temperature relationship
The O 3 sensitivity to temperature is a useful metric for validation of precursor reduction scenarios and emission inventories in chemistry-transport models (Oikonomakis et al., 2018) . Here, we present the long-term trends of the relationship between the 5 daily maximum O 3 concentrations and daily maximum temperature during the warm season from May to September between the considered days.
Decreasing sensitivity of O 3 with respect to temperature was observed during the considered time period in all regions ( Fig. 11 ). Fig. 11 shows the decreasing slopes of linear regression lines of maximum O 3 against temperature for successive
year groups. The decrease is consistent for all calculated regional clusters except for "North". For most regions in Europe a 5 significant downward trend of the slope of around 0.04-0.05 ppb/K/year was found (Table 3) . At "PoValley" sites the decrease was more pronounced (-0.083 ppb/K/year). At the same time the average correlation between O 3 and temperature is the highest compared to the other regions, because of large reductions of precursors concentrations in this region which is characterized by high industrial emissions. At the "North" sites the weakest correlation of O 3 to temperature was observed and the trend is non-significant. This is expected because at these high latitudes mean temperature is lower compared to other regions in 10 Europe, thus, photochemical production of O 3 is weak during the time when O 3 typically reaches its maximum concentration.
In relation to the LT(t)-clusters, it was observed that the higher the pollution burden of the site the stronger the trend of O 3 to temperature slope (Table 4) . As shown here, the "HIG" and "MOD" sites have higher trends compared to the clusters "BAC"
and "RUR". Our results are in line with a box-model study that tested the O 3 -temperature relationship under different NO x level scenarios (Coates et al., 2016) . Coates et al. (2016) have shown that at high NO x conditions O 3 increases more strongly 15 with temperature, while the increase is less pronounced when moving to lower NO x conditions. In this study, a classification of 291 sites across Europe was performed for the time period 2000-2015. The clustering algorithm applied on the long-term changes LT(t) and the seasonal cycle S(t) of daily mean O 3 resulted in a site type and geographical site classification respectively. Such a classification scheme can be of significant use for O 3 trends studies in large spatial domains and in model evaluation studies (e.g. Otero et al., 2018) . Our approach captures several features of O 3 variations, 5 i.e. pollution level from the L(t)-clustering and influence of the climatic conditions from the S(t)-clustering, and presents a unifying perspective on past studies that report different site type labels based on cluster analysis using different metrics of O 3 concentrations. The regional differentiation is hampered by sparse or missing measurement sites in some regions, e.g. eastern Europe or the Balkan peninsula. However, in the last years the number and spatial distribution of sites with longer and more dense measurements has improved.
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A trend analysis of de-seasonalized mean O 3 concentrations and meteo-adjusted peak O 3 concentrations was implemented for the considered sites. By using LT(t)-and S(t)-clusters, patterns of O 3 long-term trends across Europe were investigated, based on the multi-dimensional site classification scheme. Long-term trends of de-seasonalized daily mean O 3 are decreasing at the rural sites, while in suburban and urban sites they are either stable or slightly increasing. Positive or flat trends indicate that reduction of precursors has been less effective in reducing O 3 concentrations in heavily polluted environments. On the other 15 hand, downward trends in peak O 3 concentrations were observed in all regions, as a result of precursors emissions reductions.
However, peak O 3 has been decreasing with the smallest rate at higher altitude sites especially in the western part of Europe due to the influence of background O 3 imported from North America and East Asia.
The analysis of S(t) extrema revealed a decrease in summertime maxima and an increase in wintertime minima, pointing to a decreasing amplitude of the seasonal cycle of O 3 . At the same time the occurrence of the day of maximum has shifted from 20 summer to spring months with a rate of around -0.5 to -1.3 days/year. Changes in the S(t) might be attributed on one hand to the precursors reductions in Europe, and, on the other hand, to changing weather patterns in the northern Atlantic and increase of emissions in southern East Asia.
Finally, the sensitivity of O 3 to temperature has weakened since 2000 with a rate of around 0.084 ppb/K/year, i.e. formation of O 3 became weaker at high temperature conditions due to decreasing NO x concentrations. It was shown that differences in 25 changes to this sensitivity across sites are mainly driven by regional meteorological conditions. ematical Statistics and Probability 1967, 1, 281-297, doi:citeulike-article-id:6083430, http://projecteuclid.org/euclid.bsmsp/1200512992,
1967.
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